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Abstract
We tailored a tropical channel configuration of the Weather Research and 
Forecasting (WRF) Model to study tropical cyclone (TC) activity and 
associated climate variabilities. This tropical channel model (TCM) covers 
from 30°S to 50°N at 27-km horizontal resolution, with physics 
parameterizations carefully selected to achieve more realistic simulations of 
TCs and large-scale climate mean states. We performed 15-member 
ensembles of retrospective simulations from 1982 to 2016 hurricane 
seasons. A thorough comparison with observations demonstrates that the 
TCM yields significant skills in simulating TC activity climatology and 
variabilities in each basin, as well as TC physical structures. The correlation 
of the ensemble averaged accumulated cyclone energy (ACE) with 
observations in the western North Pacific (WNP), eastern North Pacific (ENP), 
and North Atlantic (NAT) is 0.80, 0.64, and 0.61, respectively, but is 
insignificant in the north Indian Ocean (NIO). Moreover, the TCM-simulated 
modulations of El Niño–Southern Oscillation (ENSO) and the Madden–Julian 
oscillation (MJO) on the large-scale environment and TC genesis also agree 
well with observations. To examine the TCM’s potential for seasonal TC 
prediction, the model is used to forecast the 2017 and 2018 hurricane 
seasons, using bias-corrected sea surface temperatures (SSTs) from the 
CFSv2 seasonal prediction results. The TCM accurately predicts the 
hyperactive 2017 NAT hurricane season and near-normal WNP and ENP 
hurricane seasons when initialized in May. In addition, the TCM accurately 
predicts TC activity in the NAT and WNP during the 2018 season, but 
underpredicts ENP TC activity, in association with a poor ENSO forecast.
Keywords: Tropical cyclones; Ensembles; Model evaluation/performance; 
Nonhydrostatic models; Interannual variability; Intraseasonal variability
1. Introduction
With the rapid growth of computational resources, considerable progress has
been made in advancing our climate modeling capability for tropical cyclones
(TCs) by enabling climate model simulations at TC-permitting horizontal 
resolution (≤50 km) (Zhao et al. 2009; Chen and Lin 2013; Murakami et al. 
2012; Bacmeister et al. 2014; Walsh et al. 2015). Simulations of TCs have 
been steadily improving, partly because of the better capability of 
representing TCs due to the enhanced resolution (Shaevitz et al. 2014; 
Wehner et al. 2014) and partly because of the improved representation of 
linkages between TC activity and the large-scale climate modes that strongly
modulate environmental TC favorability, such as the Madden–Julian 
oscillation (MJO), boreal summer intraseasonal oscillation (BSISO), El Niño–
Southern Oscillation (ENSO), and Atlantic meridional mode (AMM) (Satoh et 
al. 2012; Vecchi et al. 2014; Murakami et al. 2015; Xiang et al. 2015; 
Patricola et al. 2014, 2016, 2018; Vitart et al. 2017; Nakano et al. 2015). 
These recent advances build confidence that climate models are more 
readily applicable than before for understanding TC variability and change, 
for making seasonal predictions, and even future climate projections of TC 
activity.
Compared to global climate models, regional climate models (RCMs) with a 
tropical channel configuration offer advantages of being more 
computationally efficient and more flexible in choice of physics 
parameterizations, and thus are a viable alternative for studying TCs and 
their relationships to various modes of tropical climate variability (Leung et 
al. 2006; Holland et al. 2006; Ray et al. 2009, 2012). With a zonal periodic 
configuration, the tropical channel model (TCM) is continuous in the east–
west direction and thereby allows free circumnavigation of tropical modes. 
Patricola et al. (2016, 2018) conducted TC simulations using a 27-km-
resolution TCM to elucidate how the two types of El Niño have distinct 
influences on western North Pacific (WNP) and North Atlantic (NAT) TC 
activity. The same model forced with prescribed SST patterns characteristic 
of the AMM was also applied to study the remote influence of Atlantic SSTs 
on eastern North Pacific (ENP) TC activity (Patricola et al. 2017).
Although the TC-permitting TCM used by Patricola et al. (2016, 2017, 2018) 
has demonstrated some success in revealing teleconnections between 
tropical SST climate variability and TC activity in different ocean basins, 
these simulations have also shown some biases in both the large-scale 
tropical circulation and the spatial distributions of TCs. For example, the 
simulated ENP TCs are predominantly confined to the eastern margin of the 
ENP and their westward propagations are not captured well. The impact of 
these model biases on simulated TC variability has not been fully addressed. 
In addition, previous studies primarily focused on how modes of interannual 
climate variability modulate TC activity in idealized simulations. However, 
the extent to which subseasonal TC variability and its relationship to modes 
of intraseasonal variability, such as the MJO, can be simulated by SST-forced 
TCM simulations has not been thoroughly investigated. Therefore, it remains 
unknown whether the TCM can be used to study TC variability and 
predictability on subseasonal-to-seasonal (S2S) time scales (Vitart et al. 
2017).
Hence, this study builds on the previous work on the TCM by Patricola et al. 
(2016, 2017, 2018) and further improves its configuration for realistically 
simulating TC variability on S2S time scales. By conducting an ensemble of 
retrospective seasonal hindcast simulations forced with high-resolution daily 
SSTs, we evaluate the skill of the improved TCM in hindcasting TC variability.
In addition, we perform a set of TC seasonal prediction experiments for the 
2017 and 2018 hurricane seasons using the TCM to examine potential skills 
of the model for TC seasonal prediction. Detailed descriptions of the TCM 
formulation and the data used for model input are given in section 2. Section
3 evaluates the simulated TC climatology, its spatial structures, and large-
scale environments for the period 1982–2016. Intraseasonal-to-interannual 
variability of TCs is assessed in section 4. A set of experimental seasonal 
forecasts for 2017 and 2018 hurricane seasons is presented in section 5. 
Section 6 provides a summary of the results and discussion.
2. Model, data, and methodology
a. Model description
The Advanced Research version of the Weather Research and Forecasting 
(WRF) Model (WRF-ARW) is a fully compressible nonhydrostatic community 
atmospheric model with a terrain following vertical coordinate (Skamarock et
al. 2008). Following Patricola et al. (2016, 2017, 2018), WRF-ARW (hereafter 
WRF) is configured with a periodic zonal boundary condition, northern and 
southern lateral boundaries at 30°S and 50°N, TC-permitting 27-km 
horizontal resolution, and 32 vertical layers from the surface to 50 hPa (Fig. 
1). The integration time step is set at 60 s.
Previous studies have demonstrated the importance of model physics 
parameterizations in TC and regional climate simulations (Hu et al. 2010; 
Evans et al. 2012; Nasrollahi et al. 2012; Crétat et al. 2012; Bruyère et al. 
2017). To reduce the biases present in earlier TCM configurations (Patricola 
et al. 2016, 2017, 2018) and to tailor the TCM for realistically simulating the 
TC climatology and associated climate variability, we carefully optimized the 
model physics schemes before performing the suites of model experiments 
(see details in the appendix). The selected physics parameterizations are the
Purdue–Lin microphysics scheme (Lin et al. 1983), the Dudhia (1989) 
shortwave radiation scheme, the Rapid Radiative Transfer Model (RRTM; 
Mlawer et al. 1997) longwave radiation scheme, the MM5 Monin–Obukhov 
surface layer scheme (Monin and Obukhov 1954), the four-layer Noah land 
surface model (Chen and Dudhia 2001), and the Yonsei University planetary 
boundary layer (PBL) scheme (Hong et al. 2006). The new simplified 
Arakawa–Schubert (NSAS) cumulus scheme (Han and Pan 2011) is employed 
to parameterize atmospheric shallow and deep convection. Across the air–
sea interface, the exchange coefficients of momentum and enthalpy 
(sensible and latent heat) fluxes are determined by the Donelan et al. (2004)
and Garratt (1992) formulations. The parameterization of subgrid-scale 
orographic gravity wave drag processes was not employed in the 
simulations. All of the simulations are free running, without nudging or any 
other data assimilation techniques. Model historical outputs were saved at 6-
hourly intervals.
To provide a comprehensive assessment of the simulated TC climatology and
interannual variability, we conducted a 15-member ensemble of seasonal 
hindcast simulations for 35 boreal summer seasons from 1982 to 2016. The 
large ensemble size is essential to ensure a clean separation between 
model’s internal variability and forced variability. The initial and lateral 
boundary conditions and SST forcing are prescribed using the 6-hourly 
National Centers for Environmental Prediction (NCEP) Climate Forecast 
System Reanalysis (CFSR; 1979–2010; Saha et al. 2010) and its extension, 
the Climate Forecast System version 2 operational analysis (CFSv2; April 
2011 onward; Saha et al. 2014). SSTs in the CFSR and CFSv2 are strongly 
nudged to the National Climatic Data Center (NCDC) daily SST analysis, and 
therefore largely consistent with satellite observations (Saha et al. 2010). 
The 15 ensemble members for each season were generated by initializing 
the model with different atmospheric states. Specifically, the 15 hindcast 
runs in each season were started at different dates from 22 April to 6 May. 
Each run covers the main hurricane season in the Northern Hemisphere from
June to November and ends on 1 December, with output in May disregarded 
as model spinup. Although intense TCs in the WNP and north Indian Ocean 
(NIO) are called typhoons and severe cyclonic storms, for simplicity we refer 
to all of them as hurricanes, using the definition of lifetime maximum 
intensity greater than 32.9 m s−1. We note that 10 of the 15 ensemble 
members were performed using WRF version 3.5.1 on the Lonestar5 system 
of Texas Advanced Computer Center (TACC), while the remaining five were 
conducted using WRF version 3.6.1 on TACC’s Stampede2 system. To keep 
the consistency of the different model versions, we turned off the newly 
implemented lake physics and scale-aware NSAS deep convection in WRF 
version 3.6.1, and used exactly the same physics schemes. Test runs were 
conducted to compare the two versions of the model and nearly identical 
results were obtained, indicating that the simulations are insensitive to the 
version of WRF.
The TC detection and tracking algorithm is described in the appendix. To 
better illustrate the spatial distribution of TCs, we define the TC track density
as the accumulated number of TC central locations within each 2° × 2° grid 
box at a 6-h interval for each season. The total count of TCs within each box 
is defined as the track density. The first position that each TC reaches 17.5 
m s−1 is defined as the genesis position; analogously, we define genesis 
density as the accumulation of the genesis positions at each grid box. The 
density fields are then smoothened with a 9-point weighted moving average.
b. Observational datasets
To evaluate the TC characteristics and activity simulated by the TCM, we 
used the observed TC best track data from the International Best Track 
Archive for Climate Stewardship (IBTrACS; Knapp et al. 2010) dataset 
v03r10. The IBTrACS data consist of best-track data from all the Regional 
Specialized Meteorological Centers and provides historical TC information for 
6-hourly TC center positions, maximum 10-m wind speed (WSPD), minimum 
sea level pressure (SLP), and sizes of TC, in terms of wind radii, if applicable. 
We only used TCs with tropical storm strength or greater (i.e., maximum 
lifetime 1-min sustained 10-m WSPD stronger than 17.5 m s−1) during June to
November 1982–2016 for an equal comparison with the TCM.
To assess the simulated TC structures with observations, the Global 
Precipitation Measurement (GPM) mission (Huffman et al. 2015a) and the 
fifth generation of the European Centre of Medium-Range Weather Forecasts 
(ECMWF) reanalysis (ERA5; http://apps.ecmwf.int/data-catalogues/era5/?
class=ea) were used to derive composites of observed TC-induced 
precipitation (see details in the appendix). For evaluation of the simulated 
climatological mean states of large-scale atmospheric variables, we used the
Tropical Rainfall Measuring Mission (TRMM) multisatellite precipitation 
analysis (Huffman et al. 2007) for the period 1998–2016, the ERA-Interim 
reanalysis (Dee et al. 2011) for the period 1982–2016, and the Objectively 
Analyzed Air–Sea Fluxes (OAFlux; Yu et al. 2008) surface turbulent heat flux 
product for the period 1982–2016. To compare simulated intraseasonal 
variations with observations, we used daily averaged outgoing longwave 
radiation (OLR) data from the Advanced Very High Resolution Radiometer 
(AVHRR; Liebmann and Smith 1996) and zonal winds at 200 and 850 hPa 
from the National Centers for Environmental Prediction (NCEP)–National 
Center for Atmospheric Research (NCAR) reanalysis (Kalnay et al. 1996) for 
the period 1982–2016.
3. Tropical cyclone climatology
a. Large-scale environment mean state
Figures 2a and 2b compare the seasonal mean precipitation rate from the 
TCM simulation ensemble mean with TRMM 3B42 satellite observations. Note
that TRMM has a horizontal resolution of 0.25° × 0.25°, which is comparable 
to the TCM horizontal resolution of 27 km, so it is fair to make a direct 
comparison. The pattern correlation and bias are presented at the top of Fig. 
2b. In general, the model reproduces the observed precipitation pattern with 
a relatively small bias of 0.308 mm day−1 and a high spatial correlation of 
0.9. The model also reproduces the observed tropical precipitation 
distributions with high fidelity, showing a broad agreement of the mean 
location and strength of the intertropical convergence zone (ITCZ) between 
the observations and the simulation, especially over the eastern portion of 
ENP, where many general circulation models commonly overestimate the 
rainfall (Chen and Lin 2013; Bacmeister et al. 2014).
The biggest precipitation discrepancies are located over the WNP warm pool 
and western boundary current regions in the Pacific and Atlantic, which may 
imply potential inherent biases in the cumulus scheme over warm waters. In 
addition, Fig. 2c displays the probability density functions (PDFs) of daily-
accumulated precipitation in the tropics (20°S–20°N) from the TCM hindcast 
simulations and TRMM 3B42. The simulated frequency of weak-to-moderate 
precipitation (lighter than 20 mm day−1) is remarkably consistent with the 
observed (Fig. 2c). However, there are some major differences between 
observed and simulated PDFs in heavy (between 20 and 200 mm day−1) and 
extreme (more than 200 mm day−1) precipitation rates. The model 
underestimates the former, but overestimates the latter. Note that previous 
studies have indicated that the TRMM product underestimates precipitation 
in heavy rainfall regimes (Bowman et al. 2003; Berg et al. 2006; Liao and 
Meneghini 2009), suggesting that the model bias may be less than what is 
shown here. It is evident that almost all of the precipitation with rates larger 
than 50 mm day−1 is produced by the model’s large-scale condensation 
routines that are related to the microphysics scheme. We speculate that the 
model biases in heavy and extreme precipitation regimes may originate from
flaws associated with the microphysics parameterization, and suggest 
additional research to minimize this discrepancy.
Other key simulation parameters for climate mean state are concisely 
summarized in a Taylor diagram (Taylor 2001; Fig. 3). The variables that are 
most relevant to TC environment conditions, such as zonal wind at 200 and 
850 hPa (U200 and U850), vertical wind shear between 200 and 850 hPa 
(VWS), and sea level pressure, are reasonably well simulated by TCM, with 
pattern correlations near or above 0.95, and normalized standard deviation 
close to 1.0. To avoid the complication of orographic effects that are not well 
resolved in 0.75° resolution atmospheric reanalysis, VWS and SLP are only 
averaged over ocean. The simulated 500-hPa vertical velocity over ocean 
(OMEGA500-Ocean) has the lowest correlation with ERA-interim (r = 0.84), 
whereas simulated OLR within the tropics has relatively better agreement 
with satellite retrieval (r = 0.95). This may partly be due to the lack of 
finescale representation of convective systems in the ERA-Interim. The 
turbulent heat flux (total of latent and sensible heat flux) over ocean shows 
the largest difference in the normalized standard deviation but has a pattern 
correlation of about 0.90. Given that the OAFlux is subjectively calculated 
based on bulk formulas, the reliability of these estimates may be less than 
other quantities. Unfortunately, no other high-resolution in situ flux 
observations are currently available to validate the simulated fluxes. The 
uncertainties in parameterizing surface flux still remain an unmet challenge 
to our ability to simulate climate mean state and the structure and intensity 
of TCs.
Figure 4 shows the June–November seasonal averaged value of the genesis 
potential index (GPI; Emanuel and Nolan 2004), which represents the 
favorability of the environment for TCs. A larger GPI indicates a greater 
possibility of TC genesis under given large-scale environments. Again, the 
pattern of GPI derived from the TCM simulation shows remarkable 
agreement with that from the ERA-Interim, with a spatial correlation greater 
than 0.95 and a bias around −0.1. This high correlation value combined with 
the aforementioned fidelity in simulating large-scale atmospheric circulation 
features build our confidence in results based on the TC simulations.
b. Tropical cyclone intensity and spatial distribution
Figures 5a and 5b compare observed and simulated spatial distributions of 
TC tracks for the period 1982–2016 June–November. For clarity, we only plot 
the simulated tracks from three ensemble members, while the seasonal 
mean numbers listed in the panel are based on the 15-member ensemble 
mean. Compared with the observations, the TCM overall reproduces realistic 
distributions of TC tracks, with the most concentrated TC activity over the 
WNP, followed by the ENP and NAT. The simulated seasonal mean Northern 
Hemisphere total number of TC (51.3 TCs yr−1) is very close to the 
observation (52.1 TCs yr−1). Although the simulated TC tracks show quite 
similar spatial distributions, the maximum lifetime TC intensity is 
considerably underestimated by the TCM. We will address this issue later in 
this section. Figures 5c and 5d assess the observed and simulated TC 
genesis locations. Consistent with observations, simulated TC genesis 
locations are geographically very concentrated in the WNP and ENP but 
scattered in the NAT. In the WNP and NIO, the TC occurrences in the model 
are mostly located within the same regions as those in the observations, but 
are apparently too active. The TCM also simulates more frequent TCs in the 
central Pacific, but dormant activity in the eastern portion of the ENP. The 
simulated TC genesis events within Gulf of Mexico (GoM) are also less 
frequent than observed, while more TCs are simulated in the midlatitudes of 
the central Atlantic, which is consistent with the overestimated precipitation 
and GPI over the same region in the model (Figs. 2b and 4b).

c. Tropical cyclone seasonal variation
Figure 6 compares seasonal variations of hurricane and TC occurrence 
frequencies between observations and TCM simulations. In the NAT, the TCM 
reproduces the observed peak of TC activity with the most active 
occurrences of hurricane and TC in August–October, while the simulated WNP
TC activity appears to be strongest during July–September, slightly earlier 
than the observed peak of August–October. In the ENP and NIO, the regions 
where the TCM shows the largest inconsistency with observed mean TC 
activity, the TCM also displays a bias in the seasonal cycle. In the latter part 
of the season, the TCM overestimates the ENP TC activity, especially the 
frequency of hurricane occurrence in September–October. In contrast to the 
ENP, the TCM simulated NIO TC activity is too weak in November but relative 
stronger during the most of summer monsoon season (July–September). Note
that although not as strong as the Indian monsoon, the ENP is also 
characterized by the North American monsoon system, and TC activity in the
ENP and NIO is closely linked with the monsoon dynamics (e.g., vertical wind 
shear in the monsoon regions and locations of the monsoon trough). The 
results here suggest that although the mean values of precipitation in the 
ENP and NIO are well simulated by the TCM, the simulation of North 
American and Indian monsoons, especially the onset and dissipation times, 
may be biased.
d. Tropical cyclone structure
We next examine the characteristics and structure of TCs separated by 
ocean basin, starting with the NAT (Fig. 7). The strongest lifetime maximum 
intensity of simulated NAT TCs is primarily hurricane category 2, and 
occasionally category 3 in terms of maximum WSPD, and category 4 in terms
of minimum SLP (Fig. 7a). Consistent with the bias in TC maximum intensity, 
the probability of hurricane-scaled winds is significantly underestimated by 
the TCM (Fig. 7b), indicating the model’s deficiency in simulating intense 
hurricanes. However, the composite of simulated NAT hurricanes shows four 
geographical quadrant-averaged 34, 50, and 64 kt (1 kt ≈ 0.5144 m s−1) 
wind radii of 194.05, 104.08, and 52.54 km, which are 82.7%, 90.0%, and 
92.7% of the observed values of 234.60, 115.56, and 56.66 km, respectively 
(Figs. 7c,d). This broad agreement in the spatial attributes of the hurricane 
wind field indicates that although the TCM fails to generate strong 
hurricanes, the spatial structure of simulated TCs is reasonably well 
represented given the limitation on the model horizontal resolution (Davis 
2018). The hurricane-induced precipitation in the model is mainly confined to
the downshear left side of the environmental vertical wind shear where the 
environmental shear conflicts with TC primary circulation. This result is 
consistent with previous studies (Lonfat et al. 2004; Chen et al. 2006) and 
also confirmed by the Global Precipitation Measurement (GPM) precipitation 
datasets (Fig. 7c; see details in the appendix). The model simulates more 
intense precipitation near TC inner core area, which is consistent with 
Nasrollahi et al. (2012), who reported commonly overestimated hurricane 
precipitation when using the Purdue–Lin microphysics scheme. This 
simulated excessive hurricane precipitation may also contribute substantially
to the PDFs bias in extreme precipitation regime (Fig. 2c). Figures 7e and 7f 
are the composites of azimuthal averaged hurricane vertical cross section of 
dynamic and thermodynamic fields in the model. Even with the relatively 
coarse resolution compared to the TC spatial scale, the model shows ability 
to simulate the significant hurricane warm core, tilted eyewall structures, 
and upper-level radiative cooling that are observed in mature hurricanes.
Figures 8 and 9 represent similar analyses for the simulated TC 
characteristics in the WNP and ENP, respectively. The NIO results are not 
shown here due to the small sample size. Comparing with the NAT, simulated
TCs in the WNP typically have stronger maximum intensities and are 
commonly larger in size, consistent with observations. In contrast, the 
simulated ENP TCs are climatologically weaker and smaller compared with 
the NAT TCs. Interestingly, although the simulated TC lifetime intensities 
vary with ocean basins, the corresponding regressions between minimum 
SLP and maximum WSPD of TCs remain almost unchanged. This result may 
suggest that the underlying dynamics of TC intensification in the model are 
similar among different basins. Note that the observed TCs also show 
consistent differences in sizes among different basins. Similar to the 
simulated TCs, larger TCs tend to occur in the WNP and smaller TCs occur in 
the ENP and NAT. Since the TCM has a uniform 27-km horizontal resolution, 
the model may show more difficulties in simulating strong TCs in NAT and 
ENP TCs than in WNP, as shown in Figs. 7a, 8a, and 9a, simply because the 
uniform grid spacing is less effective in representing TC inner core dynamics 
in the NAT and ENP than in the WNP TCs.
Figure 10 further shows one of the strongest hurricanes that simulated by 
TCM. This sample hurricane snapshot has the minimum SLP of 910.34 hPa 
and maximum WSPD of 61.52 m s−1, which reaches to category 4 intensity. A
clearly discernible eye can be recognized from OLR snapshot, with most 
excessive rainfall and deepest convection surrounding the center. However, 
the simulated hurricane surface wind speed maximizes at a distance of 
about 100 km from the center, indicating a larger radius of maximum winds 
than the mean of observed Atlantic hurricanes from the satellite-based 
estimation of 64.6 km [Table 2 of Kimball and Mulekar (2004)].
4. Intraseasonal-to-interannual tropical cyclone variability
a. Interannual variability
Table 1 summarizes the correlations of number of tropical cyclones, 
hurricanes, and accumulated cyclone energy (ACE; Bell et al. 2000) between 
the simulations and observations during the 1982–2016 period. Since 15 
ensemble members are available for each season, the ensemble mean and 
the maximum and minimum correlations among the different ensemble 
members are listed individually. Overall, the TCM yields significant 
correlations between simulated and observed TC variability in all basins 
except the NIO. The correlation value of ACE is 0.80 in the WNP, with 
maximum and minimum values of 0.86 and 0.51, respectively. For the 
number of TCs and hurricanes, the correlation drops to 0.48 and 0.64 using 
the ensemble mean, but is still statistically significant at the 99% confidence 
level. Given that ACE is determined by TC counts, as well as the intensity 
and duration of each storm, we conjecture that interannual variability of 
large-scale key factors that control TC activity is more effective in 
modulating TC numbers than influencing TC intensity and duration over the 
WNP.
The correlations in the ENP and NAT are generally lower than that in the 
WNP, but still pass the two-sided Student’s t test at 99% confidence level. 
Interestingly, the differences in correlation of ACE and TC counts are less 
than that in the WNP, indicating that the basin averaged TC activity over the 
ENP and NAT may be more strongly influenced by the number of TCs, while 
the duration of TCs may be less important. The time series of the NAT, WNP, 
and ENP TC activity from observations and the TCM simulations are shown in 
Fig. 11. Although numerous modeling studies have shown similar high 
correlations between simulated and observed NAT TC variability (Zhao et al. 
2009; Murakami et al. 2012; Murakami et al. 2015; Chen and Lin 2013), to 
the best of our knowledge, only a very limited study (Camp et al. 2015) has 
demonstrated the concurrent significant correlations of WNP, ENP, and NAT 
TC activity in a single model configuration. Furthermore, the TCM prescribes 
only SST and northern and southern boundary conditions, with no nudging of
the large-scale momentum or thermal fields toward the observations. These 
results highlight the potential feasibility of using the TCM to predict seasonal 
TC activity, if TC-season SSTs and lateral boundary conditions can be well 
predicted.
El Niño–Southern Oscillation is one of the dominant climate modes that 
modulate TC activity at interannual time scales (Gray 1984; Wang and Chan 
2002; Camargo and Sobel 2005; Camargo et al. 2007; Fu et al. 2017). Figure 
12 compares the composite anomalies of TC track density during El Niño and
La Niña phases from observations and the TCM hindcast simulation. The 
different phases of the ENSO cycle are determined by the June–November 
seasonal mean value of the detrended Niño-3.4 index. The seven seasons 
(20% of the cases) with the highest Niño-3.4 index values are defined as El 
Niño seasons (1982, 1987, 1991, 1997, 2002, 2004, and 2015), while the 
seven seasons with the lowest Niño-3.4 index values are defined as La Niña 
seasons (1988, 1998, 1999, 2000, 2007, 2010, and 2011). Since the TCM 
simulation consists of a 15-member ensemble with identical SSTs prescribed 
for each season, the ensemble average significantly reduces the influence of 
atmospheric internal variability on delineating ENSO’s impact on TCs, giving 
rise to more smoothed spatial structures in the model than in the 
observations.
During El Niño events, both observations and the TCM present a marked 
west–east contrast pattern in the WNP, with more TC genesis occurring 
toward the central Pacific. The location of the peak in positive genesis 
anomalies in the WNP is also well simulated by the model, which may imply a
reasonable simulation of the eastward extension of the monsoon trough 
during El Niño (Wu et al. 2012).
TC activity in the NAT during El Niño is largely suppressed, which is primarily 
associated with an increase of the vertical wind shear and decrease of 
midlevel atmospheric humidity (Camargo et al. 2007). Analogous to the 
WNP, the ENP TC activity also shows intrabasin variations, with more active 
TC activity shifted to the open ocean, but relatively dormant activity over the
eastern nearshore area. This intrabasin variation has been linked with 
Central American gap wind variability (Fu et al. 2017). Although the 
simulated suppression of TC activity in the eastern portion of the ENP 
extends farther west relative to the observations, the TCM overall 
reproduces very faithfully the TC activity anomalies during El Niño years.
In contrast to the El Niño years, the observed west–east variation of WNP TC 
activity during La Niña years is less remarkable, and the TC activity is overall
decreased in the whole WNP basin. However, the TCM instead largely 
produces TC activity with the opposite sign of changes than during El Niño, 
with positive anomalies in the South China Sea and the Philippine Sea and 
negative anomalies in the remainder of the basin. In the ENP, both 
observations and the model show consistently weaker than normal TC 
activity, whereas the TCM underestimates the negative anomaly. Unlike El 
Niño, the spatially dependent TC responses within the ENP are substantially 
weakened during La Niña events, suggesting that La Niña’s influence on ENP 
TC activity is not simply inverse to that during El Niño, and local topography 
may have asymmetric impacts on TC activity along the coastal area.
b. Intraseasonal variability
At intraseasonal time scales (30–90 days), the Madden–Julian oscillation 
(MJO) is the dominant mode of variability in the tropics, and can significantly 
modulate global TC activity. Generally, the probability of TC genesis is 
typically larger during or just after the strong MJO convective phase local to 
the TC basin (Maloney and Hartmann 2000a,b; Camargo et al. 2009; 
Klotzbach 2014; Lee et al. 2018). These observational studies suggested that
the MJO may play a key role in intraseasonal predictability of TCs. Thus, to 
make skillful TC predictions at subseasonal time scales, it is important to 
evaluate whether models can faithfully reproduce the MJO and its linkage 
with TC genesis in their hindcast mode.
Figure 13 shows Wheeler–Kiladis diagrams (Wheeler and Kiladis 1999) of 
zonal wavenumber–frequency cross spectra of OLR and 850-hPa zonal wind 
from observations and the TCM hindcast. The meridionally symmetric and 
asymmetric components are presented in the top and bottom panels, 
respectively. Within the MJO regime (30–90-day time period and zonal 
wavenumber 1–3), the TCM shows slightly weaker but comparable spectral 
peaks to observations. Besides the MJO, other tropical waves such as Kelvin 
waves, equatorial Rossby (ER) waves, asymmetric eastward inertial gravity 
(EIG) waves, and mixed Rossby–gravity waves are also reasonably captured. 
These results again highlight the TCM’s value and capability in studying 
dynamical processes in tropical regions.
By categorizing the MJO into eight difference phases, following the approach 
of Wheeler and Hendon (2004), Fig. 14 compares composites of OLR and 
corresponding TC genesis density anomalies between the observations and 
the TCM hindcast. Using multivariate empirical orthogonal functions (MEOFs) 
to decompose the normalized daily mean OLR and zonal wind at 200 and 
850 hPa from the observations, an observed MJO index is obtained based on 
the first two leading principal components (PC1 and PC2). A model-based 
index is then obtained by projecting TCM simulated fields onto the same EOF
patterns. The TCM composites of negative OLR anomalies based on the 
model MJO index demonstrate eastward propagation patterns that are 
remarkably consistent with observations. Although the composite magnitude
is relatively weaker in the simulation, which may be partially due to the 
ensemble averaging, the fractions of each MJO phase are similar, indicating 
that the simulated MJO is not simply locked to specific phases. In addition, 
consistent with observations and various previous studies, TC genesis is also 
generally more frequent during the active MJO phases for each basin in the 
TCM. These modulations are even more robust in the NIO, WNP, and ENP in 
terms of changing in amplitudes, while the MJO’s impacts on NAT TCs are 
primarily confined to the GoM region, supporting previous observational 
analyses (e.g., Maloney and Hartmann 2000b).
The above results demonstrate that the TCM is skillful in reproducing both 
the MJO and its modulation of TC activity. At the same time, the TCM is also 
capable of simulating realistic spatial patterns of TC activity and TC 
structures. These results, in combination with a realistic representation of 
the power spectra of tropical waves, make the TCM a very useful tool to 
study the interactions between tropical cyclogenesis and various equatorial 
waves.
5. Experimental seasonal forecasts of the 2017 and 2018 hurricane seasons
Given the skillful TCM hindcasts of intraseasonal-to-interannual TC variability 
in various tropical basins, we conducted a set of experimental TC seasonal 
forecasts for the 2017 and 2018 hurricane seasons to provide a preliminary 
assessment of the TCM’s ability to predict TC activity before the hurricane 
seasons. Each forecast ensemble consists of 30 members, initialized on 0000
and 1200 UTC, 1 May to 15 May, and all end on 1 December with the same 
lateral boundary conditions and SSTs. Forecast initialization in May 
approximately corresponds to the timing of many currently operational 
extended range seasonal TC forecasts, including that of Colorado State 
University (https://tropical.colostate.edu/archive-of-past-forecasts/).
To create the SST forcing for the TCM seasonal TC forecasts, we used bias-
corrected 30-member ensemble averaged 6-hourly SST from operational 
CFSv2 seasonal forecasts. The bias correction procedures strictly followed 
the guideline provided by the NCEP CFSv2 SST forecast 
(https://www.cpc.ncep.noaa.gov/products/people/wwang/cfsv2fcst/CFSv2SST
8210.html).
Using the TCM imposes the additional challenge of obtaining a data source 
for the northern and southern lateral boundary conditions. We chose not to 
use the CFSv2 seasonal prediction data in order to avoid prescribing 
potential forecast model biases. Instead, the lateral boundary conditions 
were derived from CFSR in the 1996 hurricane season, which was 
characterized by a neutral phase of the Atlantic multidecadal oscillation 
(AMO), ENSO, and AMM, so that the vicinity of the southern and northern 
edges are not affected by strong phases of climate modes. With such 
configurations, we assume the northern and southern boundary conditions in
the seasonal forecast simulations are prescribed to a “climatology-like” 
condition, and the seasonal TC predictability is primarily contributed by the 
SSTs. We hypothesize that this approach is reasonable in the majority of 
hurricane seasons, but recognize that the assumption may fail during the 
rare seasons when extratropical influences are important for determining TC 
activity (Zhang et al. 2016, 2017; Mapes et al. 2008), such as during 2013 
(which represented a seasonal forecast bust for many centers).
To examine this critical assumption, we made another suite of experiments 
in which the model is forced with interannually varying historical SSTs, but a 
perpetual lateral boundary condition of the 1996 season (hereafter TCM-
96LBC). The TCM-96LBC consists of 10 ensemble members for the 1990 to 
2016 seasons. Blue curves in Fig. 11 show the time series of TC activity from 
the TCM-96LBC simulation, while the blue shadings indicate the minimum 
and maximum values among the ensemble members. The correlation and 
bias values are calculated from the ensemble mean of TCM hindcast (red) 
and TCM-96LBC (blue) simulations, relative to the 1990–2016 observations. 
Compared to the hindcast simulation, the correlations in TCM-96LBC are 
somewhat decreased but still significant at the 99% confidence level in all 
three major TC basins. Moreover, the TCM-96LBC simulation exhibits 
stronger TC activity than that in hindcast simulation, and the ensemble 
spreads are larger even though the actual ensemble size is smaller. The 
results suggest that although the model northern and southern boundaries 
are far from the tropics, they still contribute to simulated TC variability from 
the long-term climate perspective. However, in terms of interannual TC 
variability, SST is apparently the dominant driver, while the northern and 
southern atmospheric boundary constraints in the extratropics (i.e., Rossby 
wave breaking, potential vorticity streamers) can also affect the mean state 
of TC activity to some extent. A detailed analysis of the impact of the 
northern and southern boundary constraints on the TC climatology is beyond
the scope of this work and will be pursued in the future. In the following 
discussion, all of the TCM predicted metrics are subtracted by the 1990–2016
climatology from the TCM-96LBC simulation. By doing so, we assume the 
influences from lateral boundary conditions on the seasonal TC predictions 
are offset.
Figure 15 shows the bias-corrected SST anomalies during the 2017 and 2018
hurricane seasons from the operational CFSv2 seasonal forecasts and the 
2017 season observation. These SST anomalies are with respect to 1982–
2010 climatology. With the early May initial conditions, CFSv2 predicted the 
developing La Niña–like cooler than normal SST conditions in the Pacific and 
anomalous warmer Atlantic SSTs, associated with a positive phase of AMM, 
during the 2017 hurricane season, which were generally in agreement with 
the observations. For the 2018 hurricane season, the CFSv2 forecasts 
initialized in the early May predicted a moderate La Niña and near normal 
NAT SSTs. In contrast, the observations suggest the combination of a central 
Pacific type of El Niño (Kug et al. 2009; or known as El Niño Modoki; Ashok et 
al. 2007) and the Pacific meridional mode (PMM; Chiang and Vimont 2004; 
Chang et al. 2007) during the 2018 season, and an anomalous cooling 
pattern in the eastern NAT. These inconsistencies between observed and 
predicted SSTs may contribute to biases in the 2018 seasonal TC predictions.
Figure 16 shows boxplots for predicted TC activity superposed on the 
observations (stars). Note that the official summaries of the 2018 hurricane 
seasons were not publicly available at this writing, and the observation for 
the 2018 season is obtained from the Colorado State University real-time 
archive (http://tropical.atmos.colostate.edu/Realtime/). To account for model 
bias, the predicted TC activity is rescaled based on the TCM-96LBC 
experiment and 1990–2016 observations. For the 2017 season, the TCM 
predicts the high risk of a hyperactive NAT hurricane season, with 15–21 
named TCs, 7–13 hurricanes, and ACE index of 145–190, in terms of the 25th
and 75th percentile values of the 30-member ensemble forecasts. All of 
these predicted ranges, even with lower bounds, are above the long-term 
climatology of 1990–2016. In reality, 16 named tropical storms and 10 
hurricanes occurred in NAT during June–November 2017, with an ACE index 
of 225. In the WNP and ENP, the results of the 2017 ensemble TC forecasts 
oscillate around the 1990–2016 climatology, indicating a near-normal 
condition, which are also consistent with the observation.
In addition to the skillful basin-integrated predictions of TC activity, the TCM 
also seems to be capable of forecasting certain aspects of the TC spatial 
distribution prior to the beginning of the official hurricane season. Figure 17 
illustrates the TC track density anomaly from the ensemble mean seasonal 
predictions and observations. The higher than normal frequency of TC 
attacks in GoM and the east of Caribbean Sea is captured by the TCM. In the 
central Pacific (date line to 140°W; partial of ENP), no TC genesis was 
observed for the first time since 2012 (Roberts and Pasch 2018), which is 
also reasonably forecasted by the TCM that predicts a large negative 
anomaly pattern. Although the predicted WNP TCs have higher chances of 
generating closer to the continent, which is generally consistent with the 
observation due to the predicted La Niña condition, we also find the large 
discrepancies in the southeast quadrant of WNP. Given the fact that TCM is 
able to present faithful observed ENSO’s modulations on TC distributions 
(Fig. 12), we speculate that this disagreement may arise from the 
underestimation of the amplitude of La Niña condition (Fig. 15a) in the CFSv2
seasonal prediction.
Next we consider the 2018 TC predictions. Given that the predicted NAT 
SSTs during the 2018 hurricane season were much cooler than in 2017, the 
Atlantic SST anomalies tend to offset the influences on NAT TC activity from 
the growing La Niña predicted by the CFSv2 (Patricola et al. 2014). In other 
words, the forecasted Pacific and Atlantic SST anomalies counteract in terms 
of their influence on forecasted NAT TC activity. As a result, the TCM predicts
a near-normal seasonal outlook with 9–14 named TCs, 5–9 hurricanes, and 
an ACE index of 90–150 for the 2018 hurricane season. In contrast, the TCM 
suggests an increased probability of above normal WNP TC activity during 
2018 hurricane season, with 18–25 named TCs, 13–17 hurricanes, and an 
ACE index of 265–325. For the ENP, although it has a higher possibility of 
abundant named TCs, the hurricane number and ACE are more likely 
analogous to the climatology, probably due to cooler SSTs in the ENP that 
inhibit TC intensification. The predicted TC track density also suggest 
basinwide stronger (weaker) TC activity in the WNP (NAT), while the ENP still 
shows the east–west contrast pattern, with decreased activity in the central 
Pacific but increased in the eastern portion.
Since the official release of best track data for the 2018 hurricane season is 
not yet publicly available, we assess our predictions with the Colorado State 
University real-time TC activity data archive. The TCM’s TC prediction 
appears to be in line with the observations in the NAT and WNP, but the 
predicted TC activity in the ENP is underestimated. Specifically, the predicted
ENP ACE index is near normal, while in reality it was record-breaking. This is 
possibly caused by flaws in the ENSO prediction, as the observed warmer 
SSTs would have been more favorable for the TC intensification.
6. Summary and discussion
We have tailored the WRF tropical channel model to better simulate the 
characteristics and climatology of TCs, as well as their subseasonal-to-
interannual variability over the Northern Hemisphere. We have also 
developed and tested a TCM-based framework for seasonal TC prediction. 
Based on the early work by Patricola et al. (2016, 2017, 2018), the TCM used
in this study covers the global tropics and parts of midlatitudes from 30°S to 
50°N with a TC-permitting 27-km horizontal resolution. The improvements 
made in this study focus on carefully reconfiguring and retuning model 
physics in order to achieve more a realistic large-scale mean state and TC 
climatology. We conducted a large ensemble of retrospective hindcast 
simulations from 1982 to 2016 to investigate the model performance in 
simulating intraseasonal-to-interannual TC variations. In addition, we also 
examined the impact of lateral boundary conditions on seasonal TC 
predictions, performing and evaluating an ensemble of experimental 
seasonal predictions for 2017 and 2018 using the TCM forced with the 
predicted SST anomalies derived from the CFSv2 operational forecasts.
The improved TCM not only shows substantially reduced biases in simulating 
the mean climate state in the tropics, but also captures the environmental 
factors tightly linked with TC activity remarkably well. It reproduces a 
realistic climatological spatial distribution of TCs in all four TC basins of the 
Northern Hemisphere (the NIO, WNP, ENP, and NAT). More importantly, the 
simulated structures of intense TCs are quite consistent with the observed, in
terms of both TC-related wind and precipitation fields. The results indicate 
that, although the 27-km TCM lacks the ability to simulate strong TCs partly 
because of deficient horizontal resolution, it is a well-suited tool for studying 
the response of TCs to climate variability and anthropogenic climate change, 
and can be valuable for assessing the social and economic influences of TCs.
In addition, the TCM exhibits substantial skill in capturing subseasonal-to-
interannual variability of TC activity. The correlations between observed and 
simulated interannual TC activity are significantly robust in the WNP, ENP, 
and NAT, but show little skill in the NIO. In particular, the ACE index achieves
a high correlation of 0.80 in the WNP during the 35-yr period. Although a 
number of previous studies have demonstrated similar high correlations of 
TC activity in various individual TC basins using global climate models (Zhao 
et al. 2009; Murakami et al. 2011; Chen and Lin 2013), this study represents 
one of the very few climate models to successfully capture significant 
correlations in all three TC basins (i.e., the WNP, ENP, and NAT) concurrently 
in a single model configuration after Camp et al. (2015). At the intraseasonal 
time scale, the TCM produces a realistic Madden–Julian oscillation (MJO), 
whose active convection phase enhances TC genesis over the globe. It 
indicates the TCM’s potential skill in predicting TC genesis at subseasonal 
time scales, as evaluated using a large-ensemble simulation that enables 
greater sample sizes of MJO events than in observations. We believe a 
further analysis of this large number of MJO events will help improve our 
understanding of intraseasonal dynamics of the tropical atmosphere, leading
to the understanding of MJO predictability and its potential linkage to the 
large-scale environment as well as TC activity.
We also examined the performance of the TCM in a set of experimental 
seasonal TC predictions for 2017 and 2018 forced with perpetual lateral 
boundary conditions but predicted SSTs initialized in May. We found that the 
predictability of seasonal TC activity is primarily driven by SSTs, while high-
frequency midlatitude atmospheric variability may contribute to the 
climatology of TC activity. Initial tests for seasonal forecasts of the 2017 
season reveal that the TCM can have substantial skills in predicting the 
seasonal outlook of TC activity provided that predicted SSTs are sufficiently 
accurate. For the 2018 season, the TCM underestimates ENP TC activity 
possibly due to an incorrect prediction of SSTs in the equatorial eastern 
Pacific. Given that the skillful ENSO prediction by dynamical atmosphere–
ocean coupled models initialized in early boreal summer still remains an 
unmet challenge (Kumar et al. 2017), the current strategy that relies on the 
predicted SSTs from various models may limit the upper bound of TCM 
seasonal TC prediction skill for forecasts initialized before the start of the 
hurricane season. We are now developing a seasonal prediction system that 
couples the atmospheric TCM with an ocean component derived from either 
the Regional Ocean Modeling System (ROMS) or a slab ocean model (SOM). 
More comprehensive studies of seasonal TC forecasting using the coupled 
TCM are planned in the near future.
In summary, the tailored TCM is a well-suited tool for studying the 
climatology and variability of TCs. In addition, our results suggest the TCM 
may provide skillful seasonal predictions of TC activity and spatial anomalies.
Compared to conventional high-resolution general circulation models, the 
TCM is computationally cheaper (e.g., a 7-month simulation can be 
completed in 9 wallclock hours, with 768 CPUs on the Stampede2 
supercomputer at TACC). This computational efficiency is essential to 
generate large ensemble of simulations. More importantly, due to the 
extensive range of flexibility in the WRF system (model resolutions, physical 
parameterizations, data assimilation systems, etc.), we believe the TCM can 
offer a valuable and powerful alternative to global climate models for TC 
simulation and prediction studies.
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APPENDIX A
Sensitivity Experiments of Model Physics Parameterization
Earlier TCM configurations (Patricola et al. 2016, 2017, 2018) exhibit the 
biggest bias over the ENP, where the westward propagation of TCs was not 
realistically simulated. This discrepancy in TC distribution may be primarily 
attributed to the bias in the simulation of strong convective systems over the
ITCZ, as excessive precipitation is apparent near the Pacific coastal area of 
Central America [see supplemental Fig. 10 in Patricola et al. (2016)]. Thus, to
minimize the model biases from the earlier TCM, we primarily focused on 
improving the ENP regional climate simulation.
Many previous studies have documented the importance of model physics 
parameterizations on regional climate simulations (Hu et al. 2010; Evans et 
al. 2012; Nasrollahi et al. 2012; Crétat et al. 2012; Bruyère et al. 2017). 
Specifically, Bruyère et al. (2017) reported that regional precipitation and 
TCs simulations are highly sensitive to the choice of both cumulus schemes 
and planetary boundary layer (PBL) schemes. Also, Katragkou et al. 
(2015) found that the use of CAM longwave radiation schemes may lead to 
significant biases in temperature, sea level pressure, as well as the 
precipitation, while these biases can be improved by using the RRTMG 
longwave radiation scheme (Li et al. 2014). Based on these findings, we 
carefully designed a set of 21 sensitivity experiments (Table A1), each with a
different set of physical parameterization schemes, to obtain an appropriate 
TCM configuration. Since the Yonsei University (YSU) PBL scheme is shown to
have the smallest biases compared to surface and boundary layer 
observations south of the United States (Hu et al. 2010), in an area close to 
ENP, and can generate a moderate number of TCs (Bruyère et al. 2017), we 
assume that the YSU PBL scheme is also appropriate in this study.
Sensitivity simulations are initialized at 1 May 2008, with three-member 
ensemble for each, and outputs are archived every 6 h from 1 June to 1 
December, after one month of spinup. The reason we chose the 2008 
hurricane season to validate the TCM simulation is due to the neutral phase 
of ENSO and the availability of the Year of Tropical Convection (YOTC) 
product. YOTC is a joint research program designed to gain a better 
understanding of tropical convection systems, and is widely used in 
assessing the representation of tropical convection in atmospheric models 
(Waliser et al. 2012). The sensitivity experiments with various physics 
parameterizations were carefully evaluated in terms of the capability to 
represent the ITCZ and regional circulation (see Figs. A1 and A2 as 
examples), as well as their computational cost. We required that the selected
physics parameterizations appropriately represent not only regional-scale 
features, such as Caribbean low-level jets and gap winds in Central America, 
but also the larger-scale regional circulation related to tropical cyclogenesis. 
We used the Cross-Calibrated Multi-Platform version 2 (CCMPv2) surface 
wind vector analyses (Atlas et al. 2011), Tropical Rainfall Measuring Mission 
(TRMM) multisatellite precipitation analysis, and YOTC as benchmarks, and 
found that the simulation with the new simplified Arakawa–Schubert 
(NSAS; Han and Pan 2011) cumulus scheme, Purdue–Lin (Lin et al. 1983) 
microphysics scheme, Dudhia (Dudhia 1989) shortwave radiation, and rapid 
radiative transfer model (RRTM; Mlawer et al. 1997) longwave radiation 
produced the most realistic results with moderate computational costs.
Given the limited computational resources but extensive available 
combinations of WRF physics parameterizations, we note that the chosen 
schemes may not be the best options but work appropriately in our TCM 
configuration.
APPENDIX B
Tropical Cyclone Detection and Tracking Algorithm
The algorithm used to detect and track TCs is adapted from Knutson et al. 
(2007). Using 6-hourly instantaneous TCM output, grid points in space and 
time satisfying the following conditions are marked as potential TC 
snapshots:
1. The local maximum relative vorticity at 850 hPa exceeds 1.6 × 
10−4 s−1, and maximum 10-m wind speed (WSPD) is greater than 10 m 
s−1. We note that 10-m wind is diagnosed in WRF based on Monin–
Obukhov similarity theory to extrapolate the wind from the lowest 
model level of around 30 m over the ocean.
2. The local minimum of sea level pressure (SLP) that is within a distance 
of 2° latitude or longitude from the vorticity maximum center is 
defined as TC center. SLP must increase by at least 4 hPa from the TC 
center within a radius of 5°.
3. The local maximum of air temperature averaged at 300 and 500 hPa is
defined as the warm-core center. The warm-core center must also be 
located within a distance of 2° from the TC center, and be 0.8 K 
warmer than the surrounding 5° radius representing the environmental
mean.
After identifying potential TC snapshots based on the thresholds listed 
above, a trajectory analysis is performed to identify a TC track:
1. For each TC snapshot, a spatial scan is performed to see if other 
snapshots exist within a distance of 300 km during the next 6 h.
2. If no other snapshot exists, the trajectory is regarded as having ended.
In the case where multiple potential snapshots exist, if the TC center is
located south of 35°N, the closest point that is located west and 
poleward of the current location is chosen as belonging to the same 
trajectory. Otherwise, eastward/northeastward trajectories are 
designated.
3. The simulated TC trajectory must last at least 3 days, and have a 
maximum 10-m WSPD within 3° radius of the TC center greater than 
17.5 m s−1 for at least 2 days (not necessarily continuous).
4. The genesis location must be equatorward of 40°N.
This relatively strict TC detection and tracking algorithm is used to minimize 
errors from tracking “TC-like” disturbances, such as tropical waves and 
midlatitude low pressure systems, and multiple counting for a single TC.
APPENDIX C
Composite of Hurricane-Related Precipitation
The composites of observed TC-induced precipitation are derived from the 
final run of GPM rainfall datasets and ERA5 atmospheric reanalysis.
The GPM is a recent constellation-based satellite mission, equipped with the 
first spaceborne dual-frequency precipitation radar, and a conical-scanning 
multichannel microwave imager. The four additional high-frequency passive 
microwave channels and improved algorithm (Huffman et al. 2015b,c,d) in 
GPM lead to significant changes in passive microwave precipitation 
estimates (Liu 2016) comparing to its predecessor, the Tropical Rainfall 
Measuring Mission (TRMM). In addition, GPM at least doubles the spatial and 
temporal resolution of the channels in TRMM, and yields better skill in 
depicting precipitation related to vortex systems, such as atmospheric TCs 
(Omranian et al. 2018) or oceanic eddies (Liu et al. 2018).
Although the GPM is only available after 12 March 2014, the higher spatial 
and temporal resolution of the GPM channels can scan TCs more frequently, 
which in turn largely overcomes the short temporal coverage problem. In this
study, we used the passive microwave sensor (PMW) derived high-quality 
(HQ) precipitation from GPM final runs (latency ~2.5 months after the 
observation) in 1-h temporal interval and 0.1° × 0.1° horizontal resolution to 
make the composites. Only TCs with greater than hurricane intensity (32.9 m
s−1) were used. The 6-hourly observed hurricane central locations are 
obtained from the IBTrACS, while the hourly positions that within the 6-h 
IBTrACS intervals are determined by the hourly ERA5 reanalysis, in terms of 
the position of hurricane minimum SLP.
We defined the hurricane inner-core area as a 1° radius around the hurricane
center. To better resolve the precipitation within the inner core and discard 
the snapshots with largely missing values, we chose only the HQ 
precipitation snapshots with swaths covering at least 2/3 of the hurricane 
inner core area to make the composite. Before making the composite, we 
also first rotated each HQ precipitation snapshot based on the corresponding
environmental vertical wind shear vector, with the shear vector pointing to 
the top (north). The environmental vertical wind shear vector was defined as 
the ERA5 vertical shear of zonal and meridional components of winds 
between 200 and 850 hPa averaged over the annulus area of 200 to 800 km 
apart from the hurricane centers, following the standard from the Statistical 
Hurricane Intensity Prediction Scheme (SHIPS; DeMaria et al. 2005). A 
schematic plot is shown in Fig. C1.
Although the temporal resolution of GPM final run is half-hourly, the observed
TC central locations determined by ERA5 are only available at a 1-h interval. 
We also note that ERA5 is in the N320 Gaussian grid, which is approximately 
0.28° × 0.28° horizontally, while both precipitation in GPM and latitude and 
longitude information of observed TC central locations in IBTrACS are precise
to 0.1°. This discrepancy in data resolution may act as one source of 
uncertainty in the results.
Analogous to the precipitation composite from the satellite observation, the 
same composite technique was also applied to the TCM hindcast simulation 
results.
